Abstract. Due to the current non-parametric kernel density estimation method for photovoltaic(PV) output power probability modeling using fixed bandwidth, lacking of local adaptability, existing boundary bias, etc, the probability model of PV output power based on adaptive Beta kernel density estimation theory is proposed. The historical data of the PV power in Ashland region of the US was used for simulation analysis. The simulation results verified the accuracy and effectiveness of the proposed model.
Introduction
In recent years, photovoltaic generation has been widely developed. However, the random volatility of pv outputs not only affects the safety of PV generation itself, but also affects the stability of PV grid-connected power systems. Therefore, the research on the probability distribution of PV output power is of great significance for the PV Power planning and operation, the safety assessment of PV grid-connected power systems.
A large number of studies have been conducted on the probability distribution of PV power output at home and abroad. A probability distribution model of PV power output is presented in [1, 2] .The method first assumes that the Solar irradiance follows the Beta distribution within a few hours, then, building Beta distribution model of the PV power based on the relationship between the Solar irradiance and the PV power. A method for probabilistic modeling of PV power based on high-order Markov chains was proposed in [3] , and the experiments show that this method can simulate the actual probability distribution of PV output power under different weather conditions. The PV power probability model based on non-parametric kernel density estimation was proposed in [4, 5] ,which can precisely simulate the distribution characteristics of PV output, however, this method uses fixed bandwidth and has poor adaptability to actual distribution. Another probability Modeling Method of PV output power based on Orthogonal series was proposed in [6], Compared with the non-parametric kernel density estimation method, the error that caused by the optimal bandwidth calculation is avoided, and the model has high computational efficiency and wide applicability. In the above article, the PV power probability modeling methods mainly include parameter methods and non-parametric methods. The parametric method first assumes that the PV output power or random factors affecting the PV power obeys the parameter distribution, then the distributed parameters are estimated based on actual data. Although the parameter method is relatively simple, the actual PV power is not only related to single factors such as Solar irradiance, but also related to many random factors. Hence, a single parameter distribution does not have universality, and it is difficult to comprehensive reflect the random fluctuation of PV output power. Nonparametric kernel density estimation is widely used in non-parametric methods, which is a method to study data distribution characteristics from data samples without any prior knowledge [7] , and using it to establish the probability model of PV power has higher accuracy. However, the existing probability model of PV output power based on non-parametric kernel density estimation, which is not unified about bandwidth selection method. This method uses a fixed bandwidth, has poor local adaptability, and uses a kernel function is a symmetrical kernel, applied to the estimation of the probability density function without support. When the support of random variables is bounded, such as positive data, interval data etc. if the conventional kernel density estimation is used, there will be large bias near the boundary. In order to eliminate the boundary bias, scholars have proposed many methods, such as data reflection method [8] , boundary kernel function method [9] , transformation method [10] , local linear method [11] and pseudo data method [12] etc. However, most of the above method's Support are limited to one end when correcting the boundary bias, and the analysis of interval data is still scant. In 1999, Cheng used the asymmetric kernel-Beta kernel and proposed Beta kernel density estimation [13] . Beta kernel density estimation can effectively eliminate boundary bias and is suitable for analysis of interval data. At the same time, it can be satisfied that the support of the kernel function is consistent with the support of the density function.
In summary, in order to solve the problem that the conventional nonparametric kernel density estimation in the probability model of PV output power has poor local adaptability, boundary bias, etc. The theory of adaptive Beta kernel density Estimation is used in this paper, and a probability model of PV power based on adaptive Beta kernel density estimation is proposed. The historical data of the output power of PV power plant in the Ashland region of the US was used for simulation analysis, and the model is evaluated by goodness of fit test and error analysis. The simulation results verified the accuracy and adaptability of the proposed model.
Beta Kernel Density Estimation of PV Output Power Beta Kernel Density Estimation Theory
Let 1 2 , , n x x x be n samples of the random variable x, whose probability density function is ( )
and the second derivative is continuous. For
x∈ ,firstly introduced the Beta kernel density estimation [14] , which has the following form:
where:
‫ܭ‬ , is the density function of Beta(a,b) distribution and h is the bandwidth satisfying h → 0 as n → ∞.
Adaptive Beta Kernel Density Estimation
Beta kernel density estimation is the same as conventional kernel density estimates, the choice of bandwidth is key. As shown in Figure 1 ,the bandwidth h has little effect on the width of the Beta kernel shape because all Beta kernel have a width of 1,but have a greater influence on the height of shape for the Beta kernel. a fixed-bandwidth Beta kernel density estimation is adopted, and the conventional non-parametric kernel density estimation's boundary bias is solved. However, PV power is affected by many random factors. Its probability density is not a simple single peak, and it still lacks local adaptability. The adaptive Beta kernel density estimation algorithm proposed in [14] ,which shows that when h varies in the appropriate range, the Beta kernel density can more accurately capture the overall characteristics of the actual distribution function.
The basic theory is as follows:
Step 1: Select a global fixed bandwidth ℎ with appropriate values, and obtain a pilot estimate ݂ ሚ (x) by Equation (1).
Step 2: Set local bandwidth factors ‫)ݔ(ߣ‬ as:
where γ and β are weight parameters that satisfy β+γ=1, and ω is alittle positive number.
Step 3: Compute the adaptive beta kernel density estimate defined by:
where ℎ(x) = ℎ ത λ(x) ିଵ , ℎ ത can be equal to ℎ or large value another relatively large value.
Based on the above theory, let ܲ ଵ , ܲ ଶ , ⋯ ܲ be the n samples of the PV power ܲϵሾܲ , ܲ ௫ ሿ the normalized samples are ‫‬ ଵ, ‫‬ ଶ , ⋯ ‫‬ by ‫‬ = (ܲ − ܲ )/(ܲ ௫ − ܲ ) and t-heir probability density function is ݂(‫,)‬then the Beta kernel density estimation model of PV output power is as follows: 
Statistical Test of Beta Kernel Density Estimation Model

Goodness of Fit Test
The goodness of fit test is used to test whether the PV output power probability estimation model is consistent with the theoretical distribution model. Chi-square test and K-S test are two commonly used methods. The normalized samples ‫‬ ଵ , ‫‬ ଶ , ⋯ , ‫‬ are divided into m groups of data without intersection, then the χ ଶ test statistic is as follows: 
where ݊ are the observed counts and ‫‬ is the theoretical probability value. in bin i. The limit distribution of χ ଶ is a chi-square distribution with a degree of freedom of m-1. when the significance level α is known, if the statistical value of χ ଶ test is less than the critical value,the test will accept the hypothetical PV output power probability model, Otherwise, reject the hypothesis.
The K-S test compares the empirical cumulative probability distribution of the sample data with the theoretical distribution.The statistic is defined as shown in equation (6),and the smaller the D ୬ ,the higher the degree of fit.
where ‫ܨ‬ ‫(‬ ) is the empirical distribution function of PV output power,and ‫ܨ‬ ‫(‬ ) is the hypothetical distribution function of PV output power. When the sample size and significance level α are given, the critical value of the K-S test is calculated according to the formula 1.36/√݊, then the test statistic is compared with the critical value. If it is less than the critical value, it passes the goodness of fit test, otherwise, it does not pass.
Error Analysis
Although the goodness of fit test can assess the error between the hypothesis model and the theoretical model, in order to further analyze the accuracy of the hypothesized model, in this paper, Mean Absolute Percentage Error (MAPE) and Root Mean Squared Error (RMSE) are used as metrics to measure the difference between the hypothesis distribution and the histogram. 
where m is the number of partitions, ‫ݔ‬ and ‫ݕ‬ are the Beta kernel density estimation of PV power density and the probability of the histogram in the i-th interval.
Case Studies Data Description
The historical measured data of one year's PV power in the US Ashland region was used [15] .The sampling interval was 60 min and normalized. The cross-validation method calculates that ℎ is 0.0208, and ℎ ത is also 0.0208. The weight parameters β and γ are all 0.5 and ω is 0.01.
Comparison and Analysis of PV Probability Models
(1) Comparison of boundary bias From Figure 2 , we can see that there is a boundary bias in the PV output power probability model based on the conventional kernel density estimation (CKDE), and there is still a probability density value in the boundary area more than 1 and less than 0. In contrast, the probability model of PV output power based on the adaptive Beta kernel density estimation (ABKDE) avoids the boundary bias in Figure 3 , meeting the actual requirements and fitting effect is better. (2) Comparison of various PV models The adaptive Beta kernel density estimation model of PV output power is compared with the normal distribution, Beta distribution and conventional kernel density estimation commonly used in the study of PV probability modeling. The histograms of the history data of PV power, the probability density curves and cumulative distribution curves of the above various probability models are shown in Figure 3 and Figure 4 . The goodness of fit test results and error analysis indexes of various probability models are shown in Tables 1 and 2 at α=0.05.
From Figures 3 and 4 , we can see that the adaptive Beta kernel density estimation fitting effect is the best and the normal distribution fitting effect is the worst. Although the Beta distribution can reflect the overall trend of PV output power, the curve is too smooth and there is a large error near the peak value. Conventional kernel density estimation has poor local adaptability, and there are bias near the boundary. The curve obtained by the adaptive Beta kernel density estimation is rough in the high-density area and smooth in the low-density area. In other words, the smaller bandwidth is used in the high-density area and the larger bandwidth is used in the low-density area, which effectively improves the local adaptability. From Table 1 , we can be seen that both the adaptive Beta kernel density estimation and the conventional kernel density estimation passed χ ଶ test and K-S tests, and the others failed the goodness of fit test. Therefore, the proposed method can accurately reflect the actual distribution of PV output power. At the same time, comparing Table 2 , we can find that the two metrics 
Summary
In this paper, the probability model of PV output power is established based on the theory of adaptive Beta kernel density estimation. The PV power history data is used for simulation analysis, and combined with goodness of fit test and error analysis to evaluate the model, the results show that the model can reflect the random characteristic of PV output power, with a high accuracy of fitting. The proposed model can be used to study the probabilistic power flow calculation and risk assessment of power systems containing PV power plants. 
